ABSTRACT
INTRODUCTION
Functional bioinformatics is an emerging subfield of bioinformatics that allows biologists and medical researchers to make effective use of ontologies and algorithms for exploring biological functions. A central goal of functional bioinformatics is to understand the biological processes that govern the activities of gene products. Automated discovery of the functions of gene products has become necessary because of the enormous amount of biomedical information published each year. PubMed (http://www.ncbi.nlm.nih.gov/entrez/query.fcgi) alone, which now provides access to over 12 million MEDLINE citations, also provides abstracts for most of those articles. A promising approach for making so much information manageable and easily accessible is to have * To whom correspondence should be addressed. computers automatically read it and extract the knowledge about functions of gene products.
Some work has been done on discovering new and potentially meaningful relationships among medical concepts, called undiscovered public knowledge, by searching and analyzing the documents in bibliographic databases (Swanson and Smalheiser, 1997; Hristovski et al., 2000) . The use of natural language processing techniques for automatically extracting knowledge from biomedical literature has received increasing attention as well (Andrade and Valencia, 1998; Craven and Kumlien, 1999; Hatzivassiloglou et al., 2001; Leroy and Chen, 2002) . Much of the work thus far has focused on discovering gene relations (Stephens et al., 2001) or protein-protein interactions (Blaschke et al., 1999; Ono et al., 2001; Park et al., 2001; Pustejovsky et al., 2002) from biomedical documents.
Computing with function, or the execution of computational operations whose inputs or outputs are descriptions of the functions of biomolecules (Karp, 2000) , is an essential operation in functional bioinformatics. This operation needs an ontology that provides a structured semantic encoding of functions, like the Gene Ontology (The Gene Ontology Consortium, 2000) or the EcoCyc (Karp et al., 2002) . The Gene Ontology has been applied to function annotation (Raychaudhuri et al., 2002) and prediction (Hvidsten et al., 2001; Schug et al., 2002) .
Efficient processing of large amounts of biomedical literature requires an intelligent knowledge extraction method. We therefore developed a system to assist biologists and medical researchers in rapidly reading and extracting useful knowledge from the huge number of biomedical documents in electronic databases. The focus of this system is the extraction of distinct functions of gene products.
In the System and Methods section, we describe our text mining system and methods for extracting functions of gene products. In the Results and Discussion section, we present the experimental results on the evaluation of extraction quality and discuss the discovered phenomena.
SYSTEM AND METHODS
We have developed an ontology-based text mining system named MeKE (Medical Knowledge Explorer) for the extraction of functions of gene products from biomedical literature. The primary service it provides to biologists and medical researchers is to extract knowledge of the biological roles of gene products in cells, which includes molecular functions, biological processes, and cellular components. We describe the methods used in this system as follows. (PMID:10834846) . In order to correctly identify these variants, we first apply tokenization to the articles. Tokenization divides the input text into units called tokens, each of which is either a word or something else, e.g. a number or a punctuation mark. We then use patterns of function names obtained by pruning the non-essential tokens, for example, punctuation marks, in function names (in the previous example, the pattern used is alpha 1 3 fucosyltransferase) and flexible matching, which can skip parentheses and match terms regardless of punctuation marks, to achieve robust and fault-tolerable recognition of function names.
Although stemming, i.e. reducing distinct words to their common grammatical root (Baeza-Yates and RibeiroNeto, 1999) , may facilitate the identification of different variants of words, it is not used here because some GO terms would become ambiguous after stemming. For example, the terms protein transport and protein transporter would both become protein transport after applying the Porter stemming algorithm (Porter, 1997) . Hence the system reduces only basic plural forms to their singular ones.
We constructed a lexicon of gene and gene product names from the LocusLink (Pruitt and Maglott, 2001) , and patterns of these names are generated for the purpose of robust recognition. The indexing of gene product names also uses the same flexible matching method as does the indexing of function names.
Expansion of function synonyms
To broaden the coverage of function name indexing, we expand the GO terms in two ways. Firstly, we utilize the indices of other classification systems to GO provided by the Gene Ontology Consortium. Some classification systems other than GO also create function terms individually, and these indices provide mapping of these terms to the corresponding GO terms. Intuitively these terms and the associated mapping can be used as function synonyms to expand the GO terms.
Secondly, synonyms of GO terms are acquired from articles. These consist of the same words but in a different order from the corresponding GO terms (e.g. inner mitochondrial membrane is a synonym of mitochondrial inner membrane), or else they consist of the major words in the corresponding GO terms but with a few insertions or deletions of words (e.g. focal adhesion associated kinase is a synonym of focal adhesion kinase). The edit distance between each candidate synonym and its corresponding GO term is calculated, i.e. the minimum number of insertions or deletions of tokens necessary to make the two terms equal regardless of the word order. Because synonyms of the above two types have small edit distances with the corresponding GO terms, those candidate synonyms with small numbers of insertions and deletions are checked to acquire reliable function synonyms.
Pattern learning via sentence alignment
After reading a large number of biomedical articles that report functions of gene products, we found that there are a number of phrase patterns commonly used to describe the functions of gene products. Some patterns appear especially frequently in sentences describing functions of gene products, for example, '<gene product> plays an important role in <function>', '<gene product> is involved in <function>', etc. These patterns are similar to collocations within sentences in the field of natural language processing (NLP; Manning and Schütze, 1999) , or motifs within protein sequences in the field of bioinformatics.
A pattern here is an expression consisting of two or more words that correspond to some conventional way of describing functions of gene products. We can use these patterns to characterize those sentences that state this kind of knowledge. In order to learn these patterns from a text corpus, we propose a sentence alignment method to identify them. This method is a variation of the sequence alignment algorithms used in the field of bioinformatics (Setubal and Meidanis, 1997) , and it is similar to concordance in the field of NLP.
A sentence s is divided into five segments, which can be represented as a 5-tuple (prefix, tag 1 , infix, tag 2 , suffix), where tag 1 is a gene product (function) name and tag 2 is a function (gene product) name; prefix is the part of s before tag 1 , infix is the part of s between tag 1 and tag 2 , and suffix is the part of s after tag 2 . The prefix, infix, and suffix of sentences are aligned separately to generate three sets of patterns.
The alignment method can be applied to the prefix, infix, and suffix segments. Without loss of generality, we take the prefix segment as an example. A prefix is an ordered list of tokens, which includes words, numbers, and punctuation marks. The token is the basic unit of alignment. The similarity (sim) between two prefixes a and b is determined by the formula
( 1) where g specifies the space penalty (usually g < 0), and p(i, j) is the scoring function for pairs of tokens (usually
. For the purpose of seeking out consecutive tokens that constitute patterns, the similarity formula is modified as
where p is set to +1.
Information extraction via sentence classification
The extraction of gene functions from biomedical literature is an information extraction task. Viewing that a gene product gp has a function f as a binary relation r (gp, f ), the task is to identify instances in the literature that express this relation. We can then express the task of information extraction as sentence classification after gene product and function names in sentences have been tagged. A sentence containing an instance of a binary relation r (gp, f ) is classified as positive or negative when the program decides whether this sentence actually describes an instance of the relation or not. Hence this is a binary classification task. We use the Naïve Bayes classifier to predict the overall likelihood that a sentence describes a gene productfunction relation. A sentence is classified according to the patterns that appear in it. Given a sentence s and a set of classes C, the classifier estimates the probability (Pr) that the sentence belongs to a class c j ∈ C as follows:
where F s = {pr e f i x s , in f i x s , su f f i x s } and
for a sentence segment f s ∈ F s containing n patterns ( p 1 , p 2 , . . . , p n ). In order to make these estimates robust with respect to infrequently encountered patterns, we use Laplace estimates:
where N ( p i , c j ) is the number of times pattern p i appears in training set examples from class c j , N (c j ) is the total number of patterns in the training set for class c j , and T is the total number of unique patterns in the training set. The confidence of an extracted gene product-function relation is evaluated as
when this relation is asserted by m sentences that are classified into the positive class (Chiang, 1999) . Here Pr(c = positive|s k ) is the probability that sentence s k is classified into the positive class.
RESULTS AND DISCUSSION
We use gene data provided by the NCBI LocusLink Directory of Genes. On 6 September, 2002, LocusLink contained 168 951 gene records, of which 21 365 have GO annotations. Because a gene may have several GO annotations, we found a total of 66 743 annotations. Only 32 933 annotations had cited sources in the PubMed database and these annotations belong to 9254 genes. In total, 9254 genes were linked to 10 588 sources cited in PubMed, and abstracts were not available for 98 of those sources. Data about these genes and the associated abstracts are adopted as our data set, and these genes with their encoded gene products and associated annotations comprise our gold standard for gene product-function relations.
GO data as of 1 September, 2002, has been used for the indexing of function names (Table 1 ). The column 'more specific' indicates that the annotated function terms are ancestors of the corresponding matched function terms in the GO hierarchy, and the column 'more general' indicates the contrary. The data structure of GO is a directed acyclic graph (DAG), and when a child term has more than one parent term, we trace all its parents to search for ancestordescendant relationships. Both more specific and more general function terms than the annotated ones may be beneficial. For the purpose of annotation, curators may prefer to annotate genes to the most detailed level in GO, even though a gene can be annotated to any level. When one seeks what is common in the genes or open reading frames (ORFs) one is studying, one may need significant shared GO terms to describe the set of genes or ORFs, which are located at relatively higher levels in the GO hierarchy. The results also show that the terms belonging to the biological process category are more difficult to match than those of the other two categories. This may occur in biomedical articles because they contain a great diversity of descriptions of biological processes, which are often stated colloquially. On the other hand, many terms belonging to the molecular function or cellular component categories are fixed; hence, it should be relatively easy to label them.
For the indexing of gene product names, gene or gene product names are correctly matched for 24 821 of the 32 933 annotations. Hence, we can see that names of functions are more difficult to label than those of genes or gene products, because there is a greater variance in function names than in gene or gene product names. In addition, functions can be described colloquially, which causes ambiguity in texts.
For the process of synonym acquisition, 14 499 terms have been identified as candidate function synonyms from the abstracts in the data set. Of these terms, those with a length greater than 2, deletion equal to 0, and insertion less than or equal to 1, have been checked. In the process of checking, we also found some new function terms that cannot be categorized as synonyms of any current GO terms. In this way we acquired 114 function synonyms and 59 new function terms. Examples of acquired function synonyms are outer mitochondrial membrane (mitochondrial outer membrane, GO:0005741), amiloride sensitive epithelial sodium channel (amiloride-sensitive sodium channel, GO:0015280), hormone nuclear receptor (ligand-dependent nuclear receptor, GO:0004879), and type II DNA topoisomerase (DNA topoisomerase (ATPhydrolyzing) , GO:0003918) , where the source GO terms and their Gene Ontology identifiers (GO id's) are listed in parentheses. Examples of new function terms are DNA excision repair (DNA repair, GO:0006281), amyloid precursor protein (amyloid protein, GO:0005208), chloride ion channel (chloride channel, GO:0005254), and T-cell antigen receptor (T-cell receptor, GO:0004894).
For the process of pattern learning, we obtained 21 394, 7080, and 8374 patterns for the molecular function, biological process, and cellular function categories, respectively. Examples of learned high-scoring patterns are shown in Table 2 . Some patterns like suggest that are common in all three categories, and they are usually used in abstracts of life science journals to report the results and conclusions of experiments. Some patterns are specific to a category. For example, the pattern involved in is used in the biological process category to describe that a gene product participates in a biological goal, and the pattern localized in is used in the cellular component category to describe where a gene product acts. Three methods are implemented to evaluate the overall extraction coverage and accuracy: sentence classification, sentence co-occurrence, and abstract co-occurrence. Comparing the results of these three methods (Table 3) , we find that the sentence classification method achieved high precision but sacrificed recall, and the abstract co-occurrence method achieved medium recall but sacrificed precision. The precision and recall of the sentence co-occurrence method lies in between the other two methods.
It is difficult to assess precisely the performance of the program from these experiments, because manually annotated databases are not necessarily reflected in the titles or abstracts of PubMed records, and many extracted relations may not yet be annotated by these databases.
We also found that, in abstracts of life-science journals, information about gene product-function relations is usually reported either in the title or else in the last few sentences. In order to verify this observation, we computed the distribution of these sentences (Fig. 1) . Gene product-function relations appeared in titles much more often (2949 occurrences) than in other sentences. Figure 1 shows a trend in which the last few sentences in an abstract frequently describe important information, which ought to encourage further study on how to extract precise function information from them.
CONCLUSION
We have described the automatic extraction of functions of gene products from biomedical documents by our MeKE system. Relying on the proposed methods of sentence alignment and classification, the MeKE system can effectively extract functions of gene products described in biomedical text. Based on this kernel mechanism, the MeKE system can assist biologists and medical researchers to rapidly read and extract useful knowledge from the huge number of biomedical documents in electronic databases.
